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The Escherichia coli chemotaxis-signaling pathway computes time derivatives of chemoeffector
concentrations. This network features modules for signal reception/ampliﬁcation and robust
adaptation, with sensing of chemoeffectorgradients determined by theway inwhich these modules
are coupled in vivo. We characterized these modules and their coupling by using ﬂuorescence
resonance energy transfer to measure intracellular responses to time-varying stimuli. Receptor
sensitivity was characterized by step stimuli, the gradient sensitivity by exponential ramp stimuli,
and the frequency response by exponential sine-wave stimuli. Analysis of these data revealed the
structure of the feedback transfer function linking the ampliﬁcation and adaptation modules.
Feedback near steady state was found to be weak, consistent with strong ﬂuctuations and slow
recovery from small perturbations. Gradient sensitivity and frequency response both depended
stronglyon temperature. We found that time derivativescan be computed bythe chemotaxis system
for input frequencies below 0.006Hz at 221C and below 0.018Hz at 321C. Our results show how
dynamic input–output measurements, time honored in physiology, can serve as powerful tools in
deciphering cell-signaling mechanisms.
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Introduction
Signaling networks are complex, but typically possess
modular architectures (Hartwell et al, 1999). This observation
provides hope for understanding the function of the whole in
terms of simpler representations of its constituent parts. Much
recent work on signaling networks has focused on assigning
discrete functions to these parts; however, an essential next
step is to determine the nature of the coupling between them.
Here, we have combined theoretical modeling with in vivo
measurements of signaling to characterize the transfer
functions of the two modules involved in computations of
time derivatives by the Escherichia coli chemotaxis-signaling
pathway. The ﬁrst module, which we call the receptor module,
detects changes in environmental conditions to generate an
intracellular signal. This module has been shown to amplify
signals over a wide dynamic range (Bray, 1998; Sourjik
and Berg, 2002b). The second module, which we call the
adaptation module, is known to maintain the intracellular
signal at a steady state that is indifferent to ambient
concentrations of ligand (Berg and Tedesco, 1975; Spudich
and Koshland, 1975; Barkai and Leibler, 1997; Alon et al,
1999). Both modules have been characterized extensively by
experiment, and theoretical efforts to explain their behavior
haveenjoyed remarkablesuccess.However,understandinghow
thesemodulescombineinlivingcellstoproducethebiologically
i m p o r t a n tf u n c t i o no fg r a d i e n ts e n s i n gr e q u i r e sa d d i t i o n a l
knowledge about the way in which they are coupled in vivo.
To deﬁne this link quantitatively, we used a simple
theoretical model of the chemotaxis pathway that abstracts
many of the known molecular details, but preserves the
essential characteristics of the receptor response and adapta-
tion dynamics (Tu et al, 2008). We exploited an important
result of this analysis that provides us with a method for
inferring the dynamics of one module through input–output
measurements of the other. Speciﬁcally, we used ﬂuorescence
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activity of the sensory receptor–kinase complex, while
subjecting cells to time-varying stimuli that render the output
of this receptor module constant in time. Such a stimulus was
identiﬁed by Block et al (1983), who found that the output, as
inferred by the switching statistics of the ﬂagellar motor,
reached a steady value during exponential ramps, that is,
ligand proﬁles that increase or decrease exponentially in time.
Under these conditions, the feedback signal must exactly
cancelthechange ininput signal,sowecan inferthedynamics
in the adaptation module through measurements of the
receptor module, given a well-calibrated model of the latter
and good control over the temporal proﬁle of ligand input.
Fortunately, the receptor module has been characterized in
detail by a large body of in vitro experiments (Dunten and
Koshland, 1991; Borkovich et al, 1992; Li and Weis, 2000;
Bornhorst and Falke, 2001; Antommattei et al, 2004; Lai et al,
2005), in vivo FRET experiments (Sourjik and Berg, 2002b,
2004; Sourjik et al, 2007; Endres et al, 2008), and theoretical
modeling (Shi and Duke, 1998; Duke and Bray, 1999; Mello
and Tu, 2003, 2005, 2007; Shimizu et al, 2003; Mello et al,
2004; Sourjik and Berg, 2004; Keymer et al, 2006; Skoge et al,
2006). Our model uses a variant of the Monod–Wyman–
Changeux (MWC) model for the receptor module, which we
calibrated by measuring FRET responses to step stimuli in a
series of adaptation-deﬁcient mutants with systematically
varying receptor-modiﬁcation levels. This ‘open-loop’ transfer
function of the receptor module deﬁnes quantitatively the way
in which ligand concentration, the input signal, is balanced by
receptor covalent modiﬁcation, the feedback signal.
This model-driven approach provided two important
advantages. First, we were able to measure the downstream
adaptation dynamics through the same FRET method earlier
developed to characterize the upstream receptor–kinase
response (Sourjik et al, 2007). Second, because we measured
the receptor module’s output as a proxy for inferring the
dynamics of the adaptation module, the measurement auto-
matically yielded a second input–output relation, namely the
response in adaptation kinetics to input from the receptor
module. In short, we could elucidate the essential dynamical
character of the downstream adaptation module without
directly monitoring any of its molecular constituents.
In addition to ramp responses, we also measured responses
to oscillatory input signals, which revealed the frequency
responseofthesystem.Together,thesemeasurements allowed
us to quantify two biologically important performance
characteristics of the E. coli chemotaxis system, namely the
output of time-derivative computations, and the frequency
band over which such computations can be carried out. In
contrast to earlier results obtained by monitoring motor
switching statistics, no discontinuities in kinase activity were
observed. Data collected at two different temperatures suggest
a strong dependence of gradient-sensing performance on the
ambient temperature.
Results
We present in Figure 1A a molecular view of the chemotaxis
network, and in Figure 1B, the simpliﬁed view adopted in our
model. At the molecular level, the intracellular signal pathway
comprises multiple species of transmembrane receptors (also
known as methyl-accepting chemotaxis proteins), a scaffold-
ing protein CheW (not shown), the histidine kinase CheA, the
response regulator CheY, its phosphatase CheZ, and the
receptor-modiﬁcation enzymes CheR and CheB. The phos-
phorylated form of CheY, CheY-P, is the ﬁnal output of the
intracellular pathway that directly interacts with the ﬂagellar
motor to modulate swimming behavior. The steady-state level
of this signal is determined bythe balance between production
ofCheY-P,catalyzedbyCheA,anditsdestruction,catalyzedby
CheZ. We denote the activity of the receptor–kinase complex
by a, which is feedback regulated by the methyltransferase
CheR and the methylesterase/deamidase CheB through the
receptor methylation level, m. The latter is deﬁned as the
average number of methylated glutamyl residues per receptor
monomer—each receptor has a ﬁxed number of these sites
subject to reversible modiﬁcation by CheR and CheB; for the
aspartate receptor Tar, there are four, so the maximum value
per monomer M max(m)¼4. Whereas the receptor–kinase-
activity a is known to increase with m, that is qa/qm40,
increased a in turn leads to up-regulation of CheB (Borczuk
et al, 1986), which removes methyl groups, and down-
regulation of CheR (Boldog et al, 2006), which adds methyl
groups. Thus, the sense of the feedback is negative, tending to
restore a toward its steady-state value on changes in the input
ligand concentration, [L]. CheZ, the phosphatase for CheY-P,
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Figure 1 A modular gradient-sensing network. (A) Molecular view of the
chemotaxis network. The linear path from input to output begins with the input
ligand concentration, [L], being sensed by the membrane-associated receptor–
kinase complex, A, to regulate its autophosphorylation-activity, a. A then
transfers phosphate to the response regulator, CheY (Y), the phosphorylated
form of which (Y-P) interacts with the ﬂagellar motor (M), to control swimming
behavior.ThefeedbackloopisclosedbythemethyltransferaseCheR(R)andthe
methylesterase/deamidase CheB (B), by regulation of the receptor methylation
level, m. CheZ (Z), the phosphatase for CheY-P, decreases the signal lifetime,
thus accelerating the response of the pathway. (B) Modular view of the network.
Focusing on the functional modules, rather than the variables, of the network
yields this block diagram, in which the variables are viewed as inputs or outputs
(represented along wires) of two discrete signal processing modules
(represented as boxes). The input–output relation of the receptor module is
describedbythefunctionG,whichtakes[L]andmasinputstoproduceanoutput
a, which connects to the downstream linear pathway toward motor output. The
adaptation module constitutes the feedback loop of the network, in which the
output a is converted through F(a)t odm/dt and integrated over time.
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the pathway. In our FRET assay, the energy transfer pair is
CheY and CheZ, ﬂuorescently labeled by genetic fusion to
yellow ﬂuorescent protein (YFP) and cyan ﬂuorescent protein
(CFP), respectively. The FRET signal is thus proportional to
[CheY-P-CheZ], the concentration of the intermediate species
in the enzymatic hydrolysis of CheY-P. At steady state, the
production rate of CheY-P, catalyzed by CheA, is exactly
balanced by its destruction rate, which is proportional to
[CheY-P-CheZ]. Hence, the FRETsignal serves as a readout of
CheA kinase activity, the output of the receptor module.
In addition to the molecular constituents, we highlight in
Figure 1A three important dynamical variables from this
network, namely [L], a, and m, which, respectively, corre-
spond to the input, output, and feedback signals. We capture
the dynamics of these variables in two simple equations:
dm
dt
¼ FðaÞð 1Þ
a ¼ Gð½L ; mÞð 2Þ
As the receptor-modiﬁcation reactions are much slower than
all other reactions in the system, we model the rate of change
of the feedback signal m explicity by a differential equation
(equation (1)), and denote its dependence on the current
signaloutput,a,bythefunctionF.Thereceptor–kinaseoutput,
a, is known to relax much more rapidly (Sourjik and Berg,
2002a), and so its value at every instant is given by the
algebraic equation (equation (2)), in which the function G
denotes the dependence on the current ligand input, [L], and
feedback signal, m. Thus, equations (1) and (2) describe the
adaptation and receptor modules, respectively. This two-
module architecture is emphasized in the block diagram of
Figure 1B, which clariﬁes the function of the two functions
appearinginequations(1)and(2)withinthissignalingcircuit:
F is a transfer function contributing to the feedback gain of the
network, whereas G combines the ligand input [L] and the
feedback signal m to produce the networkoutput a. We use for
G an allosteric model of the MWC type (Monod et al, 1965), in
which the effects on kinase activity of both the ligand input
[L] and the feedback signal m contribute additively to the
free-energy balance governing the two-state output of
receptor–kinase complexes with N ligand-binding subunits.
The properties of the functions F and G would depend on
details of the many molecular components, but, importantly,
each has only one or two dynamical inputs and both have a
singleoutput. TheintegralsignappearingbeforeFinFigure1B
signiﬁes integral feedback (Yi et al, 2000), which is a well-
known engineering design for robust adaptation, and is a
direct consequence of equation (1): as the function F deﬁnes
the feedback signal m’srate of change in time, m itself must be
the time integral of F, that is mðtÞ¼
R
FðaÞdt. Thus, the
function F is an important design feature of this signaling
circuit, as it not only determines the dynamics of the feedback
regulation (equation (1)), but also deﬁnes a crucial link
between the two modules of the network: from the ampliﬁed
output of the receptor module, to integral feedback in the
adaptation module. Here, we experimentally probe this crucial
link and quantitatively determine the feedback strength by
measuring the response to time-varying stimuli in vivo.
Exponential ramps shift the steady-state kinase
activity
We ﬁrst conﬁrmed that the kinase output during exponential
ramps of the form [L](t)¼[L]0e
rt as measured by FRETreaches
a constant steady-state level. To dynamically control the input
[L](t), we fabricated a mixing apparatus (described in
Materials and methods) based on the design of Block et al
(1983). Cells were ﬁrst adapted to a baseline concentration,
[L]0, of the attractant a-methyl-DL-aspartate (MeAsp). The
FRET signal was stabilized at FRET0, although some ﬂuctua-
tions were unavoidable because of noise originating in the
syringe-pump-driven injection of attractant to the mixing
chamber. On applying both up ramps (r40; Figure 2A, C,
E, and G), and down ramps (ro0; Figure 2B, D, F, and H), the
FRETsignalwasfoundtorelaxtoanew,constantvalue,FRETc,
as expected. As the magnitude of this change, DFRET
(expressed in arbitrary units), is proportional to the change
in kinase-activity, Da, and the latter, by deﬁnition lies on the
unit interval, we can convert from FRET units to kinase-
activity (a) units by measuring the full range of DFRET. We
obtain this by measuring the saturating values for DFRET in
both directions, negative (DFRETsat
  ) and positive (DFRETsat
þ),
by addition and removal of a large concentration of
attractant, respectively. Thus, the pre-stimulus kinase
activity a0¼ DFRETsat
  /(DFRETsat
þ DFRETsat
  ), the change
in kinase activity Da¼DFRET/(DFRETsat
þ DFRETsat
  ), and
the constant kinase activity during exponential ramps
ac¼a0þDac.
Ramp responses determine the feedback function
and the gradient sensitivity
The constant response in kinase-activity ac that is reached
during exponential ramps (Figure 2A–H) can be viewed as the
output of time-derivative computations by the chemotaxis
network. As the receptor module responds to the logarithmic
change of the input signal (Tu et al, 2008; Kalinin et al, 2009),
the relevant time derivative is that of the logarithm of input,
that is dln[L]/dt, which corresponds in these experiments to
the exponential ramp rate r. We therefore conducted expo-
nential ramp-response measurements of the type depicted in
Figure 2A and B over a range of ramp rates r. The asymptotic
kinase response, ac, obtained through such measurements, is
plotted in Figure 3A as a function of r. The steady-state activity
in the absence of stimuli (i.e. at r¼0) was found to be a0E1/3.
This plot reveals the sensitivity of E. coli to temporal gradients
of MeAsp, and the overall shape is sigmoidal, with a steep
slope (Dac/DrE 30s) near r¼0. This implies that the system
is tuned to respond sensitively to very shallow gradients,
but it has a relatively narrow dynamic range: at greater
absolute ramp rates, it becomes largely insensitive to changes
in the gradient. If we deﬁne the slope Dac/Dr as the gradient
sensitivity, its value is large and nearly constant in the
small interval near r¼0, but decays rapidly outside of it.
Importantly, we observed no response thresholds at small
ramp rates (Figure 3A, inset), in contrast to Block et al (1983),
in which it was found that the ramp-response magnitude
reachedzeroatlowramprates(rE0.005for upramps, rE0.01
for down ramps).
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of the feedback transfer function F(a). The recorded values of
acaretheoutputsofthereceptormoduleatwhichtheeffectsof
thetime-varyingligandinput,[L](t),andthatoftheadaptation
feedback, m(t), are canceling one another exactly. Therefore,
given a model of how these signals are processed within the
receptor module, that is if we know the form of the function
G([L], m), we can infer the rate of change of the feedback
signal, that is dm(t)/dt¼F(a), from the temporal input proﬁle
[L](t) that is being cancelled. For an MWC-type receptor
module experiencing exponential ramp stimuli, one can
show (see Materials and methods) that cancellation of the
ligand- and methylation-dependent free energy yields
dfL/dtþdfm/dt¼r aF(ac)¼0, where a  dfm/dm is the free-
energy change per added methyl group (in units of kT). Thus,
we can rescale the abscissa of Figure 3A to render it a reading
of F(ac)¼r/a, and invert the axes about the point (r¼0, ac¼a0)
to obtain a plot of F(a) (Figure 3B). The slope near the ﬁxed
point, F0(a0)E 0.01, is negative and shallow, implying weak
negative feedback.
Frequency–response measurements reveal the
time-derivative computation and its bandwidth
Although the asymptotic gradient sensitivity (Figure 3A) can
be viewed as the output of a time-derivative computation,
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Figure 2 Temporal proﬁles of pathway activity during exponential ramps. FRET responses (gray points) were observed during stimulation by exponential ramps in
concentration of the form [L](t)¼[L]0e
rt of the attractant MeAsp (blue curves). Responses were quantiﬁed by ﬁtted functions to the FRET response (red curves). For
both ramps up (r40; A, C, E, G) or down (ro0; B, D, F, H), the FRET readout reached a steady level after an initial transient, which was well ﬁt by a single-
exponential decay. The change in the level of FRET could be converted to units of kinase activity, Da (see text), which was negative for up ramps, and positive for down
ramps,asexpected.Thetracesinthepanelsherewereresponsestorampratesr¼±0.001(A,B),r¼±0.005(C,D),r¼±0.01(E,F),andr¼±0.02(G,H).Thegray
points in each panel are aligned averages of two to three separately measured responses to identical stimuli. Source data is available for this ﬁgure at www.nature.com/
msb.
Time-derivative computations in E. coli chemotaxis
TS Shimizu et al
4 Molecular Systems Biology 2010 & 2010 EMBO and Macmillan Publishers Limiteditdoesnotaddresswhathappensifsuchgradientschangeover
time. For a swimming bacterium in the real world, gradients
will rarely be constant, so how rapidly the cell can respond to
changing gradients will also be important. We therefore
measuredthefrequencyresponseofthenetworkbymeasuring
responses to oscillatory stimuli ½L ðtÞ¼½ L 0eAL sinð2pntÞ over a
range of input frequencies, n (Figure 4A). For small modula-
tion amplitudes AL, the response in FRET, converted again to
receptor–kinase-activity units, was always found to be well ﬁt
by a sinusoid of the form a(t)¼a0þ|A|cos (2pnt jD), where
the frequency n always matched that of the input modulation,
whereas the response amplitude |A| and phase delay jD were
found to depend on n (see below). This is the expected linear
response to sine-wave modulation, consistent with the notion
that the receptor module takes the logarithm of ligand
concentration (Tu et al, 2008).
The measured frequency dependence of the response
amplitude, |A|, and phase delay, jD, are plotted as points in
Figure 4B and C. Given the measured value for F0(a0) obtained
in our ramp experiments, our model can be used to determine
thedependence of|A|andjDon frequency. Thesepredictions,
shown as solid curves in Figures 4B and C, are in excellent
agreement with the data. This solution yields a characteristic
frequency nm deﬁning the upper limit of the frequency band
over which the system is able to take time derivatives. Using
the measured parameters a0E1/3 and F0(a0)E 0.01 from our
ramp-response measurements above, and N¼6, a¼2 from our
calibration of the receptor module, G (see Materials and
methods), we obtain nmE0.006Hz. By appropriate factoring
of our model solution (see Materials and methods), we also
obtain a function |H|, the chemotaxis system’s ﬁltering
properties for the time derivative of the input signal
(Figure 5B, green dashed curve). The shape of |H| clariﬁes
the low-pass property of this network for the derivative signal:
the derivative signal is passed most efﬁciently below nm,i n
which the phase delay jD approaches p/2.
Temperature affects both gradient sensitivity
and frequency response
All of the above measurements were made at room tempera-
ture (221C) for consistency with earlier in vivo FRET studies
(Sourjik and Berg, 2002b, 2004), but the earlier results of
Block et al (1983) were obtained at the higher temperature of
321C. For comparison, therefore, we also collected ramp- and
frequency–response data at 321C. Interestingly, the gradient
sensitivity (Figure 5A) was attenuated at this higher tempera-
ture, and the slope near a0 (E1/2 at 321C) was reduced to
Da/DrE 11s. To compare this with the gradient sensitivity
found by Block et al (1983), we must convert our response,
Da, measured in kinase-activity units, into D/CCWS, the
response in counter-clockwise-rotational bias of the ﬂagellar
motor. Using a Hill function hCCWi¼1=ð1 þð a=KÞ
nHÞ for the
motor response with nH¼10 (Cluzel et al, 2000), we ﬁnd
DhCCWi=Dr  
qhCCWi
qa ðDac=DrÞE55s, which is within Bthree-
fold of the Block et al result (D/CCWS/DrE20s). However,
no response thresholds were observed, even at this higher
temperature (Figure 5A, inset). By the same procedure used to
obtain Figure 3B from 3A, we can convert the gradient-
sensitivitydataofFigure5Atoobtaintheshapeofthefeedback
transfer function F(a)a t3 2 1C (Figure 5B). The frequency
response of the system was also tested at 321C using
exponential sine-wave stimuli, and was again found to match
closely the model prediction with nmE0.018, based on the
slope F0(a0)E 0.03 measured at this temperature.
The shape of the gradient response (Figure 5A) obtained
from our FRET experiments contrasts strongly from that
obtained by Block et al (1983) through motor-rotation
measurements, in which a ﬂat proﬁle near r¼0 had suggested
the existence of response thresholds at small values of r. These
differencesremain unexplained, but wespeculate that theyare
attributabletoeitherorbothofthefollowing:(a)thedifference
in the output that has been measured; whereas we have
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Figure 3 Gradient sensitivity and the feedback transfer function F(a). (A) By measuring exponential ramp responses in the manner of Figure 2A–H over a range of
rampratesr,weconstructedagradient-sensitivity curve,relatingthekinase-activitya,tothesteepnessofthetemporalgradientexperiencedbycells.Theresultsfortwo
FRET strains considered wild type for chemotaxis (VS104, an RP437 derivative, cyan circles; TSS178, an AW405 derivative, dark blue squares) were essentially
identical,andcollapsedontoasigmoidalcurve withasteepregionnearr¼0(slope ofﬁttedline,Da/DrE 30s).Thesteady-stateactivity intheabsence ofstimuli(i.e.
at r¼0) was found to be a0E1/3. The inset in (A) is an expanded view about the point (r¼0, a¼a0), showing the absence of thresholds, at least down to
r¼±0.001s
 1.( B) Using our model, the data of (A) can be used to map the feedback transfer function F(a). The steady-state relation r¼aF(ac) implies that we can
rescaletheraxisbytheconstantfactora,obtainedfromourcalibrationofthereceptor-moduletransferfunctionG,andinverttheaxesabout(r¼0,a¼a0)toobtainF(a).
The shallow slope near this origin, F0(a0)E 0.01, implies weak negative feedback. The blue curve is a ﬁt of a Michaelis–Menten reaction scheme
FðaÞ¼VR
1 a
1 aþKR   VBðaÞ a
aþKB; see text for interpretation of parameters. Source data is available for this ﬁgure at www.nature.com/msb.
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Block et al (1983) measured the motor response, or (b) the
amount of data collected in the two studies; whereasour FRET
technique has allowed us to efﬁciently collect a relatively large
number of data points, each averaged over hundreds of cells
(59datapoints,eachrepresentinganaverageoverhundredsof
cells), the gradient response of Block et al (1983) was obtained
using only a few cells (26 data points from 3 cells). The
νm ≈ 0.006 Hz
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Figure 4 Frequency response and the bandwidth for derivative computations. FRET responses (gray dots) during stimulation by exponential sinusoids of the
form ½L ðtÞ¼½ L 0eAL sinð2pntÞ (A) with a frequency n equal to that of the applied stimulus (green line), and the ﬁt by a sinusoid (red line) of the form a(t)¼a0þ
|A|cos(2pnt jD), where |A| is the amplitude of the response and jD is the phase delay. When the amplitude (B) and phase (C) of responses are plotted
against the driving frequency n, the data are in excellent agreement with the analytical solutions of our model (equations (13) and (14)), plotted here without any free-
ﬁtting parameters—the solution uses parameters obtained separately from the ramp-response experiments of Figure 2 and 3 and MWC-model parameters obtained
separately in dose–response experiments using step stimuli. These analytical solutions deﬁne the characteristic frequency of the response nmE0.006Hz, below which
the network is able to compute time derivatives. The dashed green curve in (B) is the derivative-ﬁltering function |H| obtained by factoring the solution of our linearized
model (equation (15)). The characteristic frequency, nm determines the upper boundary of the frequency band over which time derivatives can be computed (shaded
region). Presumably, the lower boundary would be determined by anoise ﬂoor,which in thisﬁgure is taken arbitrarily to be where the response amplitude (black curve in
B) falls below 5% of maximum. Source data is available for this ﬁgure at www.nature.com/msb.
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Cluzel et al (2000) to be monotonic, steep, and highly
reproducible between separately tested individual motors;
therefore, there does not seem to be any way in which the
continuous variation in [CheY-P] measured by FRETcan give
rise to a discontinuous motor response. Thus, (b) seems to be
the most plausible explanation.
Discussion
We have measured the dynamical response of E. coli’s
chemotactic gradient-sensing circuit to time-varying chemical
stimuli. Our results reveal this signaling network’s sensitivity
to temporal gradients, as well as its frequency-ﬁltering
properties. Using an important relationship identiﬁed by
theoretical analysis (Tu et al, 2008), we derived from our
exponential ramp-response measurements the feedback trans-
fer function F(a), which couples the two modules of this
signaling pathway and reveals the dynamics of the adaptation
module. Responses to oscillatory stimuli, the power of which
has been exempliﬁed in a number of recent studies (Bennett
et al, 2008; Hersen et al, 2008; Mettetal et al, 2008), were used
to characterize the frequency response of the pathway, which
determines the frequency band over which the chemotaxis
system can compute time derivatives (Andrews et al, 2006).
Wefoundthecharacteristicfrequencyoftheadaptationsystem
to depend on temperature, but it is in general compatible with
weak feedback and large noise amplitudes at steady state.
The use of time-varying stimuli allowed us to probe these
dynamical characteristics of the adaptation module without
directmeasurementoftheunderlyingbiochemicalreactionsof
receptor methylation/demethylation. This general approach
of combining theory with experiment to probe the dynamics of
pathway components not directly accessible to experiment
should be applicable to many systems, and aid in the effort to
uncover the design principles of biological circuits (Alon,
2007). We discuss here the implications of our ﬁndings in the
context of earlier studies, and highlight possible directions for
future work.
Effects of cell-to-cell variability: measurements
in single cells and populations
A crucial difference between the measurements reported here
and those of Block et al (1983) is that our FRET signals are
collected simultaneously from hundreds of cells, whereas
Block et al recorded the motor response of individual tethered
bacteria. Although our data have much higher signal-to-noise
ratios than the stochastic binary time series collected in the
motor-response experiments, it is pertinent to ask whether the
population-averaged nature of our FRET measurements might
account for some of the differences in our observations. In
particular, a striking difference was found in the exponential
ramp responses to very shallow gradients (Figure 3A, inset);
whereas Block et al could not detect responses to ramprates in
the interval rA( 0.01, þ0.005)s
 1, no such thresholds were
found in the exponential ramp responses we measured by
FRET. Could this difference arise from ensemble averaging the
output of individual cells, which individually possess such
response thresholds?
We argue here that this is not possible if the typical single
cell does indeed possess such response thresholds at the
level of the receptor–kinase response. In the context of
our preceding analyses, the qualitative question of threshold
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Figure 5 Effects of temperature on sensitivity to gradients and frequency
response. (A) Sensitivity to gradients was markedly decreased at 321C (red
triangles; strain TSS178), in which the steady-state activity a0E1/2. For
comparison, the data at 221C (same as Figure 3A) also are plotted (cyan circles;
strains VS104 and TSS178). The slope of the linear ﬁtto the 321C points neara0
(red curve) was Da/DrE 11s. (B) The map of F(a) obtained by conversion of
the data in (A) has a similar shape as that at 221C, but the slope at the zero
crossing, F0(a0)E 0.03, is approximately threefold steeper, implying stronger
negativefeedback. Thered curveis aﬁttothe sameMichaelis–Menten model as
inFigure3B(seetextforparametervaluesandinterpretation).(C)Thefrequency
response is also shifted at 321C (red triangles). The characteristic cutoff
frequencynmE0.018,obtained fromthe model ﬁt(blackcurve),is approximately
threefold higher than that at 221C. For comparison, the 221C data and the
corresponding model prediction from Figure 4A also are reproduced here
(cyan circles and blue curve). Source data is available for this ﬁgure at
www.nature.com/msb.
Time-derivative computations in E. coli chemotaxis
TS Shimizu et al
& 2010 EMBO and Macmillan Publishers Limited Molecular Systems Biology 2010 7existence can be recast as a quantitative one of gradient
sensitivity: does there exist a region of negligible gradient
sensitivity at very low ramp rates (Dac/DrE0 near r¼0)? To
make the distinction between individuals and populations
explicit, we denote by ac
i(r) the steady-state activity of each
individual cell in a population during an exponential ramp
with rate r, and by /acS(r) the population-averaged activity
we measure by FRET. As the latter is just a linear combination
of single-cell activities, DhaciðrÞ¼ 1
Ncells
P
i
Dai
cðrÞ, where Ncells
isthenumberofcellsinthepopulation,thegradientsensitivity
at the population level is just the average of the single-cell
gradient sensitivities Dhaci=Dr ¼ 1
Ncells
P
i Dai
c=Dr. Thus, if the
majorityof cells possess response thresholds, this should have
been evident in our population measurements.
Transient time of ramp responses: inference
of cooperativity from dynamics
The gradient sensitivity, which we deﬁned using the constant
kinase-activity ac reached during exponential ramps, can be
viewed as the output of time-derivative computations by the
chemotaxis system.Remarkably, thesolution forthis outputin
our model, ac¼F
 1(r/a), is independent of the parameter N,
which represents the degree of receptor cooperativity in the
MWC model. Thus, although receptor interactions have an
amplifying function in the open-loop response to step and
impulsive stimuli (Sourjik and Berg, 2004; Keymer et al, 2006;
Mello and Tu, 2007; Tu et al, 2008)—the property traditionally
referred to as the ‘gain’ of the chemotaxis system (cf. e.g.
Segall et al, 1986)—the amplitude of responses to sustained
temporal gradients is dictated only by the adaptation system
(throughthefunctionF(a)).Thisdoesnotmean,however,that
receptor cooperativity is unimportant within the ‘closed-loop’
control structure of the chemotactic gradient-sensing circuit.
The function of receptor coupling becomes clear when one
considersthe timerequired for thechemotaxis networkto take
this time derivative, which is an equally important measure of
performance for this gradient-sensing system. Our model
provides a basis for investigating the molecular parameters
that determine the speed of this computation, and yields
the following simple, approximate expression for the time,
t1, required for the kinase activity to reach ac during
exponential ramps:
t1   DfðacÞ=Nr ð3Þ
where Df(ac) is the free energy difference between the steady
states with and without the ramp: Df(ac)¼ln(1/ac 1) 
ln(1/a0 1). The quantity Df(ac)/N can be intuitively under-
stood as a characteristic amount of chemical work that the
adaptation system must perform before it can catch up with
the rate r at which the ligand concentration is being ramped.
In the limit of shallow ramps (small r), where Dac is small,
we can linearize equations (1) and (2) to solve for a limiting,
minimum response time, t1-tm¼( aNa0(1 a0) F0(a0))
 1¼
(2pnm)
 1,wherenmisthecharacteristicfrequencyofthelinear
response to oscillatory stimuli (see equation (14) of Materials
and methods). This solution is independent of the applied
(small) ramp rate r. At greater ramp rates, the linear
approximation is no longer valid, but we can still estimate
t1 by the simple relation presented in equation (3). The
justiﬁcation for this approximation is illustrated in Figure 6A,
which is a plot of the time course of the two free-energy
contributions to kinase activity, stemming fromligand binding
(fL) and methylation (fm). When an exponential ramp with
rate r is started at t¼0, fL begins to rise immediately as Brt.
The methylation-dependent contribution,  fm, ‘lags’ behind
fL, but thislag asymptoticallystabilizes as themethylationrate
F(a) reaches r/a, from which point on, the free-energy lag
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r
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Figure 6 Transient responses to ramps: the time required for derivative computations. (A) Schematic illustration of the changes in activity and free energies during
exponentialramps.Asthereceptor–kinaseactivityapproaches theconstantvalueacduringexponentialramps,therateofchangeofligand-andmethylation-dependent
freeenergies (fLand fm,respectively) balance one another, leading tothe asymptotic relation r¼aF(ac) betweenthe exponential ramp rater andthe net rateof change
in intracellular methylation F(a) (see also Materials and methods). The time required for fm(t) to change by an amount equal to the total free-energy change Df(ac) can
be estimated as t1EDf(ac)/Nr, and provides a robust estimate for the time required for the activity a(t) to reach ac (see text). (B) A plot of rt1 versus Df(ac) for
exponentialrampresponsesat221C.Theslopeoftheﬁttedcurveyieldsanestimatefortheextentofreceptorcooperativity,NE4.9,whichisingoodagreementwiththe
value of N¼6 obtained independently from dose–response curves from experiments using step stimuli (see text).
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(a)-Df (ac), as a(t)-ac).
In the linear regime in which the transient time is
independent of r, a(t) will decay exponentially in time as
  e t=t1 toward ac, and equation (3) is exact. The constant
solution t1¼tm in this case can be obtained by letting
r¼aF0(a0)(ac a0) in equation (3) and taking the limit ac-a0.
In the more general case, t1 will not be independent of r, but
equation (3) still provides a useful approximation. In
particular, it retains the correct scaling with the extent of
receptor cooperativity, N. To compute the points in Figure 6B,
t1wasestimatedbyﬁttinganexponentialdecayfunctionofthe
form aðtÞ¼ac þð a0   acÞe t=t1 to the FRET data recorded
during exponential ramp stimuli (such as those of Figure 2) at
different values of r, and Df(ac) was computed from the a0 and
ac values from the same measurement.
As Df (ac) is independent of the degree of receptor
cooperativity, N, we can use equation (3) to extract from our
experimentaldataanestimate for theparameter N.Althoughit
recently has been reported (Endres et al, 2008) that the degree
of receptor cooperativity seems, under certain conditions, to
depend on the modiﬁcation level of receptors (i.e. that N could
depend on m, which is changing during our ramp measure-
ments), the fact that we observe a constant activity during
exponential ramps suggests that such changes in the organiza-
tion of the receptor complexoccur on time scales considerably
slower than that of our time-varying stimuli. We, therefore,
apply equation (3) to infer a single value of N from the set
of t1 values extracted from our ramp-response data. Although
accurate determination of t1 is difﬁcult, because its estimation
ismoresensitivetoexperimentalnoise,theapproximatelinear
scaling of the product rt1BN
 1 Df (ac) follows immediately
from equation (3), and is more robust to noise than t1 itself
(as the factor r conveniently diminishes the error more
strongly in which Dac is small, and errors in estimating
t1 tend to be large). In Figure 6B, we plot rt1 against Df (ac), in
which the slope of the ﬁtted line gives an estimate NB4.9,
which is insatisfactoryagreement with themorereliablevalue
of N¼6, estimated through ﬁts to dose–response curves to step
stimuli (Mello and Tu, 2007; see also Materials and methods
and Figure 7).
Biochemical interpretation of F(a): enzyme
saturation and CheB activation
The steady-state identity r¼aF(ac) derived from our model
allowed us to map the feedback transferfunction F(a) fromthe
gradient-response data measured at each temperature. We
found that F(a) is a nonlinear, monotonically decreasing
functionwith a shallowslope nearthe steady-state ﬁxed point,
F(a0)¼0, and a much steeper slope near the high-activity
extreme, F(1). As F(a) represents the net rate of change of
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Figure 7 Calibration of the receptor-module transfer function, G([L],m).
(A) FRET responses in kinase activity (points) to step stimuli of the attractant
MeAsp were measured in a series of mutants in which the modiﬁcation state of
Tar receptors were ﬁxed by deletions of the cheR and cheB genes. To reveal the
response of the Tar receptor, these measurements were conducted in a genetic
background in which Tsr and Tap receptors are not expressed. Fits to the
allosteric MWC model (equations (6)–(8)), with parameters N¼6, KI/KA¼0.0062
areshownassolidlines.Thegraylevel ofthe pointsandsolid curvesindicate the
modiﬁcation state of the mutant strain, and is tabulated in the legend (lighter
shadesofgrayforhighermodiﬁcationlevels).Thebluepointsandcurve,denoted
wtinthisﬁgure,isthestrainVS178,whichhasthesamereceptor complement as
the other mutants (Tsr Tap ), but retains the wild-type genes for CheR and
CheB. Kinase activity is shown normalized to the pre-stimulus value for the strain
VS104. (B) Values of fm, obtained for each modiﬁcation state represented in (A),
plotted against the number of modiﬁed sites. The data for modiﬁcation states
containing only glutamate (E) and glutamine (Q) residues (black points) fell on a
straight line (dotted) when plotted as a function of the number of E-Q
transitions (nE-Q; black points). The data for modiﬁcation states containing only
Q’s and methylated glutamates (Em) fell on a different straight line (dashed),
when plotted as a function of the number of Q-Em transitions (nQ-Em;
magenta points). The values for the two extreme methylation levels, EEEE
(corresponding to m¼0) and EmEmEmEm (corresponding to m¼4), were
obtained by extrapolation of the two straight lines, as they could not be obtained
directly from ﬁts to the FRET data (cells with the Tar population ﬁxed in this state
did not respond to any concentration of MeAsp, as is seen in (A)). The solid line
connecting these two extreme states reveals the dependence of fm on the E-
Em transitions (nE-Em; gray points), and the CheRþCheBþ strain VS178
(blue point, denoted wt) falls on this line, as expected. When ﬁtted by equation
(9), this line yields the parameters m0E0.5 and aE2kT used throughout this
study. Source data is available for this ﬁgure at www.nature.com/msb.
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interpretation of this curve can be obtained by an enzymatic
reaction model,
FðaÞ¼VR
1   a
KR þ 1   a
  VBðaÞ
a
KB þ a
ð4Þ
where KR and KB are the Michaelis constants for each reaction,
and VR and VB(a) represent the velocities of the methylation
and demethylation reactions, respectively, when those
enzymes are saturated with substrate (all concentrations are
normalized, in units of the CheA kinase concentration; for
example KR,B are dimensionless, VR,B have units s
 1). This
expression assumes that CheR can only bind the inactive
fraction and CheB can only bind the active fraction of
receptor–kinase complexes. Our measurements place strict
limits on these end point values, F(0) and F(1). In our ramp-
response data, F(0) can be inferred from the ramp rate rc at
which the response amplitude to positive ramp-stimuli
saturates (i.e. in which ac reaches zero) by the relation
rc¼aF(0). Reading off values for rc from Figure 5B, and using
again a¼2 from our receptor-module calibration (described in
Materials and methods), we expect F(0)E0.01 at 221C and
F(0)E0.025 at 321C. The data are noisier at the opposite
extreme of activity, but an approximate lower bound for the
absolutevalue of F(1) can readily be inferredbyexamining the
maximal absolute response observed, which yields
|F(1)|4B4F(0) at both temperatures. These constraints,
combined with the high curvature near F(1) and the location
of a0, precluded a ﬁtting with a constant value for VB.
Evidently, what is required is a sharp increase in VB(a)
as a approaches unity. The solid curves shown in Figures 3B
and 5B use a simple piece-wise linear form,
VBðaÞ¼VBð0Þð1 þ yða   aBÞ a aB
1 aB rBÞ, where y(x) is the unit
step function (y(x)¼1 for x40, y(x)¼0 otherwise), aB
represents the value of a above which a VB(a) increases, and
rB determines the maximum value of VB(a). For the data of
Figure 5B, we found that aB¼0.74 yields good ﬁts for data at
both temperatures. Values for other parameters are as
follows: at 221C, {VR,VB(0)}¼{0.010, 0.013}s
 1,{ KR,
KB}¼{0.32,0.30}, and rB¼4.0; at 321C, {VR,VB(0)}¼{0.030,
0.030}s
 1 and {KR, KB}¼{0.43,0.30}, and rB¼2.7.
The comparison between the two sets of experiments offers
some insight regarding the temperature dependence of the
parameters. The dominant difference is in the saturating
velocities for methylation and demethylation, VR and VB(a),
which can be interpreted as the product of the active enzyme
concentration and the catalytic rate constant kcat. As the
growth conditions before the experiments were identical, and
measurements were conducted in a medium that does not
support protein synthesis, the expression levels of enzymes
were the same in the experiments at 22 and 321C. Thus,
we conclude that kcat’s for methylation and demethylation
are the parameters most sensitive to temperature in the
adaptation system.
The mechanism responsible for the strongly nonlinear
behaviorofVB(a)remainstobedetermined.Alikelycandidate
is the phosphorylation of CheB, but we note that straightfor-
wardmechanisticassumptions,such asalinear,hyperbolic,or
quadratic dependence of [CheB-P] on a would not sufﬁce to
produce the observed sharp increase of VB(a)a sa approaches
unity. Future experiments with phosphorylation-deﬁcient
mutants could shed light on this issue.
Noise and feedback dynamics near steady state
Single-cell measurements of motor output (Korobkova et al,
2004) have established that the steady-state activity of the
E. coli chemotaxis pathway exhibits large ﬂuctuations over a
slow timescale. Through theoretical modeling and simula-
tions,EmonetandCluzel(2008)havearguedthatthiscouldbe
attributable to the adaptation enzymes CheR and CheB
operating near saturation, a phenomenon related to zero-
order ultrasensitivity of reversible covalent-modiﬁcation
systems (Goldbeter and Koshland, 1981). Our data provide
an experimental test for this hypothesis, as the biochemical
parameters inferred from the above analysis of F(a) can be
usedtoassessthedegreeofsaturationoftheinvivoadaptation
kinetics, and, in turn, the steady-state noise.
ThevaluesweobtainedaboveoftheMichaelisconstants,KR
and KB, and the pre-stimulus kinase-activity a0, imply that
4B70% of both CheR and CheB are bound to their receptor
substrates at steady state. Here, we apply the stochastic
analysis of Emonet and Cluzel (2008) to our biochemical
model for the adaptation system (equation (4) of the main
text), to estimate the steady-state noise expected for kinase
activity in vivo. The feedback transfer function F(a) deter-
mines the dynamics of the adaptation system through
equation (1). In the absence of chemical stimuli, the path-
way activity, in turn, is determined completely by the
adaptation system; by taking the time derivative of equa-
tion (2) and substituting into this equation (1), we ﬁnd
da
dt ¼ da
dm
dm
dt ¼ aNa0ð1   a0ÞFðaÞ. Applying this result to the
stochastic time-evolution equation obtained by Emonet
and Cluzel (2008) by the ‘linear noise approximation’, the
displacement from the steady-state activity, Da(t)¼a(t) a0,
evolves in time as
dDaðtÞ
dt
¼  t 1
a DaðtÞþ
ﬃﬃﬃﬃ
D
p
ZðtÞð 5Þ
where ta¼( aNa0(1 a0)F0(a0))
 1 is the relaxation
time of the receptor–kinase-activity a, Z(t)
represents temporally uncorrelated white noise, and
D ¼ da
dm
   2=NtotðVR
1 a0
1 a0þKR þ VBða0Þ a0
a0þKBÞ is the strength of
noise originating from the discrete methylation events
occurring in Ntot receptor complexes. Computing the value of
the relaxation time constant ta using the parameters a0, F0(a0),
N and a from our measurements, we obtain taE29s at 221C
and taE11 s at 321C. The solution for the amplitude of the
steady-state ﬂuctuations, sa, in the Emonet–Cluzel model
(equation(5))issa ¼
ﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
taD=2
p
.WithparametersfortheCheR/
CheB reactions inferred from our measured proﬁle of F(a),
and assuming Ntot¼10
4/N (i.e. partitioning the B10
4 receptor
dimers in each cell into MWC clusters of size N), we obtain
sa/a0E0.087 at 221C and sa/a0E0.077 at 321C.
Thus, our results are consistent with slow steady-state
ﬂuctuations in kinase activity, with a large amplitude of
around B10% of the mean and relaxation time constants in
the range B10–30s. In an analysis of the noise-spectral data
obtained by Korobkova et al (2004), Tu and Grinstein (2005)
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slow (the correlation time, tab1s) and of large amplitude
(420% of the mean) to explain the power-law dwell-time
distribution in motor switching, as well as the 1/f noise
observed in the switching-time power spectrum. According to
the above analysis, the requirement for long correlation times
(i.e. large ta) is clearly satisﬁed. Although the calculated noise
amplitudes seem to fall somewhat short, we note that we have
estimated these values from population measurements. Given
thenaturalvariationin protein levelsbetweenindividual cells,
wewould expectthe reported 1/f behavior to be measurablein
some fraction of the population.
Concluding remarks
In this study, we have viewed the chemotaxis-signaling
pathway as a signal processor, and characterized its perfor-
mance by two phenomenological observables: the ‘gradient
sensitivity,’ a quantity we deﬁned using the constant activity
reached by the pathway during exponential ramp stimuli
(Figures 3A and 5A), and the frequency response, described
herebytheamplitudeandphaseoftheresponsetoexponential
sine waves (Figures 4 and 5C). Calibration of the allosteric
MWC model for the receptor module using step stimuli
(Figure7)revealedalineardependenceofreceptor-freeenergy
on the level of covalent modiﬁcation. This ﬁnding admitted a
particularly simple solution to our pathway model (equations
(1) and (2)), in which the gradient sensitivity depends on the
wayinwhichtheadaptationandreceptormodulesarecoupled
in vivo (through the function F(a) of the adaptation module
and the parameter a of the receptor module), but not explicitly
on receptor cooperativity (the parameter N of the receptor
module). The frequency response, however, depends also on
the degree of receptor cooperativity (both the cutoff frequency
for time-derivative computations and the amplitude are
proportional to N).
Although the ramp-response data allowed us to deduce the
underlying chemical kinetics of the adaptation enzymes
(Figures 3B and 5B), we note that the frequency response,
with its dependence on N, is relevant in considering the
chemotactic performance of bacteria executing spatial
searchesintherealworld.Swimmingbacteriaexecuterandom
walks by a run/tumble mechanism (Berg and Brown, 1972) to
convert spatial gradients of chemoeffectors into temporal
ones. In such searches, time-derivative computations must be
made while swimming direction is being randomized. Thus,
the sensitivity to sustained temporal ramps cannot be directly
interpreted as the sensitivity of swimming cells to spatial
gradients. The frequency response is more relevant in
considering this problem, as we can view the input ﬂuctua-
tions because of randomized swimming as additional ‘noise’
with its characteristic frequency spectrum (determined by the
statistics of tumbling and rotational Brownian motion). The
question of how such noise arising from random motility is
ﬁltered during spatial searches has been addressed implicitly
in a number of recent studies, in which numerical simulations
were used to predict the migratory behavior of bacterial
populations with different adaptation time scales (Andrews
et al, 2006; Bray et al, 2007; Emonet and Cluzel, 2008; Jiang
et al, 2010). Our measurements and analyses of the frequency
response reported here provide a ﬁrm grounding for further
analytical treatments of this problem (Sartori and Tu,
submitted). Viewed as a signal ﬁlter, a crucial characteristic
of the frequency response is the cutoff frequency, nm, below
which time-derivative sensing can occur. As nmpNF0(a0), the
receptor cooperativity N can have a buffering function in
keepingnmreasonablyhighwhenadaptationfeedbackisweak
(i.e. when the value of F0(a0) is small).
Another important source of noise in chemotactic signaling,
namely that due to ﬂuctuations in the intracellular concentra-
tions of signaling species, could be addressed directly by our
current ﬁndings. The relatively slow relaxation times we
obtained for the pathway activity near steady state provide
support for the view that the large-amplitude ﬂuctuations
observed by Korobkova et al (2004) could originate in the
attenuated feedback near steady state (i.e. small F0(a0))
resulting from enzyme saturation. This result also highlights
the importance of using dynamically modulated stimuli to
probetheadaptationkineticsnearsteadystate—theoftenused
strategy of linearly interpolating between the limiting adapta-
tion kinetics measured during large step responses (F(0) and
F(1) in our model) would have provided a very different
estimate for F0(a0), and hence the relaxation time. Moreover,
our data and analysis make clear that the strength of feedback
affects not only the steady-state ﬂuctuations, but also the
gradient sensitivity and frequency response of the pathway, as
evidenced by measurements at two temperatures (Figure 5). It
is then reasonable to expect that the pathway’s relaxation time
scale, which could be tuned by the expression level or kinetic
parameters of CheR and CheB, is under selective pressure for
its effects on gradient-sensing parameters such as the cutoff
frequency for time-derivative computations, in addition to its
effects on the steady-state noise.
Materials and methods
Strains and plasmids
All bacterial strains used in this study were derivatives of E. coli K12
strain AW405 (Armstrong et al, 1967). VS104 is a cheYcheZ mutant
(SourjikandBerg,2002b)ofawidelystudiedAW405derivative,RP437
(Parkinson and Houts, 1982). TSS178 is an analogous cheYcheZ
mutant of the parent strain AW405, constructed for this study. For the
step-response measurements to calibrate the receptor-module transfer
function, G, weused Tsr  Tap  CheR  CheB  derivatives of VS104 in
which the tar receptor gene is mutated at its covalent-modiﬁcation
sites (gifts of V Sourjik). The identity of these strains were, in order of
increasing amidation levels, VS144 (EEEE), VS141 (QEEE), VS148
(QEQE), VS150 (QEQQ), SB1 (QQQQ). The strain VS178 is Tsr  Tap ,
but retains the wild-type cheR and cheB genes. Plasmid pVS113
encodes the cheR gene under the control of an arabinose-inducible
promoter, and plasmid pVS88 encodes the ﬂuorescent fusion proteins
CheY-YFP and CheZ-CFP under control of an isopropyl b-D-thio-
galactopyranoside-inducible promoter (Sourjik and Berg, 2004).
In vivo FRET measurements and data analysis
FRET microscopy of bacterial populations were carried out essentially
as described earlier (Sourjik et al, 2007). The FRET donor–acceptor
pair was CheZ-CFP and CheY-YFP, expressed from a plasmid in strain
backgrounds that lack the native copies of the cheY and cheZ genes.
Cells attached to poly-L-lysine-treated microscope coverslips were
seated at the top face of a ﬂow cell (Berg and Block, 1984). The
microscope was a Nikon TE300 equipped with a PlanFluor  40 0.50
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xenon lamp (Hamamatsu, Bridgewater, NJ) through an excitation
bandpass ﬁlter (Semrock FF01-438/24-25) and a dichroic mirror
(Semrock FF458-Di01-25 36), and epiﬂuorescent emission was
further split into donor (cyan, C) and acceptor (yellow, Y) channels
by a second dichroic mirror (Chroma 515DCXR) and collected through
emission bandpass ﬁlters (Semrock FF01-483/32-25 and FF01-542/27)
by photon-counting photomultipliers (Hamamatsu H7421-40).
Signal intensities of the acceptor and donor channels were recorded
by a computer running LabView (National Instruments), and the ratio
between the two channels (R¼Y/C) provided an indicator of FRET
activitythatisrobusttoﬂuctuationsinexcitationintensity.Thechange
in FRETefﬁciency, DFRET, can be computed at every time point from
the recorded data using the ratio change DRS (R Rpre)a s
DFRET¼(RpreþDRS R0)/(RpreþDRSþ|DY/DC|) (Rpre R0)/(Rpreþ
|DY/DC|), where R0 is the acceptor-to-donor ratio in the absence of
FRET, Rpre is pre-stimulus ratio of acceptor- to donor-channel
intensities (measured either in the absence of attractant, or after
adapting to a constant value of [L]), and |DY/DC| is the (constant)
absoluteratiobetweenthechangesintheacceptor-anddonor-channel
signals per FRET pair (Sourjik et al, 2007). Under the conditions of the
measurements performed here, however, backgrounds in the Yand C
channels were negligible, Rpre and |DY/DC| were practically constant,
and we found consistently that Rpreþ|DY/DC|bDRS. Thus, DFRE-
TEDRS/(Rpreþ|DY/DC|) was essentially proportional to DRS (worst
casenonlinearityB3%) and comparable betweenmeasurements. We,
therefore, expressed DFRET, for simplicity, in arbitrary units of DRS
throughout this study.
MWC model for the receptor module G([L], m)
In this study, we use a calibrated allosteric model of the receptor
module, G. The shape of G has been mapped in detail in recent in vivo
FRETexperiments of kinase activity through dose–response measure-
ments using step stimuli. This function characterizes the response of
the receptor–kinase complex in Figure 1A, taking as input [L] and m to
yield the output a. Much recent work has shown this function to be
well approximated by a two-state model,
Gð½L ; mÞ¼
1
1 þ eftð½L ;mÞ ð6Þ
wherein thetotal free-energydifferencebetweenthe twooutputstates,
ft, is simply proportional to the sum of ligand-dependent and
modiﬁcation-dependent parts:
ftð½L ; mÞ¼NðfLð½L Þ þ fmðmÞÞ ð7Þ
When the parameter N is an integer greater than unity, it can be
interpreted as the number of ligand-binding subunits in an oligomeric
complex with tightly coupled output (i.e. their activity transitions are
concerted so that the collective output has only two states), and is
equivalent to the MWC model of allostery (Monod et al, 1965). An
important assumption of the model is that the ligand dissociation
constant for bindingsites dependson the activitystate of the oligomer.
This leads to a simple analytical form for the ligand-dependent free
energy per ligand-binding subunit, fL:
fLð½L Þ ¼ ln
1 þ½ L =KI
1 þ½ L =KA
  
ð8Þ
whereKAandKIaretheliganddissociationconstantsfortheactiveand
inactive states of the oligomer, respectively. The model does not
specify the functional form of the modiﬁcation-dependent free energy,
fm(m), but this can be determined experimentally by ﬁtting the MWC
model (equations (6)–(8)) to dose–response curves of kinase activity.
In vivo FRET experiments, which measured the response of the
aspartate receptor Tar when stimulated by the attractant MeAsp
yielded a linear form for fm:
fmðmÞ¼  aðm   m0Þð 9Þ
where a is the free-energy change per added methyl group (Figure 7);
we note that these measurements were made at room temperature,
that is B221C). With N¼6 and KI/KA¼0.0062, a was found to have a
value B2kT, and the crossover methylation level, m0 (deﬁned as the
methylation level at which fm(m)¼0) was found to be B0.5. This
calibrationofthefunctionGprovidesthebasisforourstrategytoprobe
theadaptationmoduleofthe pathwaythrough thereceptor module,as
it establishes the quantitative relationship between effects of
methylation and ligand concentration on kinase output, which we
monitor by FRET.
Input–output measurements by FRET
We used three classes of time-varying stimuli to probe the transfer
functions of the chemotaxis system. Step stimuli were used to
characterize the function G([L], m) for the Tar receptor in an array of
Tsr  Tap  CheR  CheB  mutants with ﬁxed receptor-modiﬁcation
states. As these cells lack the receptor-modifying enzymes CheR and
CheB, the input–output relation of the receptor module can be
measuredinanopen-loopconﬁguration,withoutadaptationfeedback.
The lack of the Tsr and Tap receptors renders the Tar receptor the
dominant majority in the remaining receptor population. In this
genetic background, step responses to rapid changes in [MeAsp] were
measured in ‘modiﬁcation-standard strains’ bearing various point
mutations at the four modiﬁcation sites of the Tar receptor,
corresponding to the EEEE, QEEE, QEQE, QEQQ, and QQQQ
modiﬁcation states (in which the four-letter code denotes the state of
the amino-acid residue at the four modiﬁcation sites; ‘E’ signiﬁes a
glutamate,and‘Q’aglutamine).Astheglutamine(Q)residuesdifferin
theirchemicalstructurefromaglutamate(E)onlybytheadditionofan
amide group, E-Q substitution mutations have long been used as an
experimental proxy for studying the effects of the more biologically
relevant methylated glutamate residues (Em), which cannot be
encoded genetically. Here, we also studied the effect of Em modiﬁca-
tions by overexpressing CheR from a plasmid in the same ‘modiﬁca-
tion-standard strains,’ thus yielding, in addition to the above, the
modiﬁcation states QEmQQ, QEmQEm, QEmEmEm, and EmEmE-
mEm. Dose–response data were collected for strains representing
theseninestates,andforTsr Tap CheRþ CheBþ cells(Figure7A).
Fitting of these data to the MWC model (see Materials and methods)
yielded estimates, in units of free energy, of how strongly each added
Q- or Em-modiﬁcation affects the activity of the Tar receptor
(Figure 7B). We found that Em-modiﬁcations have an B2.5-fold
stronger effect than Q-modiﬁcations.
We then used exponential ramp stimuli to probe the shape of the
feedback transfer function F(a) (equation (1)). The main idea of the
measurement hinges on the observation by Block et al (1983) that the
pathway output reaches a constant value during exponential ramps of
the form [L](t)¼[L]0e
rt (Figure 2A and B). Within our MWC model of
the receptor module, the dependence of kinase activity on the total
free-energy ft is monotonic (equation (6)). Therefore, as the activity
a(t) approaches a constant, so does the free energy, that is
dft
dt
¼ N
dfL
dt
þ
dfm
dt
  
! 0; as
daðtÞ
dt
! 0 ð10Þ
In our calibrated MWC model (the function G([L],m) in equation (2)),
the ligand-dependent free energy, fL([L]) (equation (8)), possesses a
broad (B2.5 orders of magnitude) domain in its input ligand
concentration [L] over which fL is essentially linear in ln[L]. This
implies that an exponential ramp that operates within this range
(KIoo[L]ooKA)a tr a t er will cause a constant change in fL per unit
time, at precisely the same ramp rate r (i.e. fL(t)¼rt). On the other
hand, our receptor-model calibration also obtained a linear relation-
ship between the modiﬁcation-dependent portion of free energy,
fm(m), and the methylation level, m (equation (9)), so combined with
our model for the rate of change of methylation (equation (1)), the
methylation-dependentfreeenergyfollowsfm(t)¼ aF(a)t.Combining
these with the constancy condition for the total free energy (equation
(10)), we obtain a simple relationship between the applied ramp
rate r and the in vivo feedback transfer function F(a) during
exponential ramps,
r ¼ aFðacÞð 11Þ
Thus, by controlling the input, r while measuring the constant output,
acthefunctionalformofF(a)canbemappedbyplottingr/aagainstthe
measured values of ac.
Time-derivative computations in E. coli chemotaxis
TS Shimizu et al
12 Molecular Systems Biology 2010 & 2010 EMBO and Macmillan Publishers LimitedThe third class of input–output measurements we performed
involved measuring the response in kinase activity to exponential
sine-wave stimuli of the form ½L ðtÞ¼½ L 0eAL sinð2pntÞ (Figure 4A). The
response was always found to be sinusoidal, a(t)¼a0þ|A|cos
(2pnt jD) where the frequency n (in Hz) always matched that of the
input, as expected for a linear system. We can solve for both the
responseamplitude|A|andphasedelayjDinourmodelbylinearizing
equations (1) and (2). This gives
A ¼
inNa0ð1   a0Þ
in þ nm
AL ð12Þ
A jj ¼
Na0ð1   a0Þ
ﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
1 þð nm=nÞ
2
q AL ð13Þ
for the response amplitude, and
fD ¼ p   tan 1 ðnm=nÞð 14Þ
for the phase delay, where in equations (12)–(14), nm¼ aNa0 (1 a0)
F0(a0)/2p deﬁnes a characteristic frequency determined by the
adaptation kinetics and receptor parameters. Considering the two
limits of equation (12), fD-p for nbnm and fD-p/2 for n5nm,
makes it clear that nm delineates the range of possible input
frequencies n into two regimes: below nm, the system takes the time
derivative of the input (i.e. the output is 901 out of phase), whereas
above nm, the system simply follows the input in phase (although the
output seems 1801 out of phase, because of the negative response of
kinaseactivitytoattractant).Finally,bytakingtheFouriertransformof
thesignal’stimederivativeB  
R d½L 
dt e 2pintdt ¼ inAL andfactoringthis
out from the general solution (equation (12)), we obtain the system’s
time-derivative-ﬁltering function
H   A=B ¼
Na0ð1   a0Þ
in þ nm
ð15Þ
The absolute value of this function, |H|, plotted in Figure 4B, clariﬁes
the low-pass-ﬁltering properties of the chemotaxis pathway for the
input signal’s time derivative.
Dynamic modulation of chemoeffector stimuli
Controlofthetemporalproﬁleofattractantstimuluswasachievedbya
mixing apparatus (Figure 8A), based on the design of Block et al
(1983). The mixing chamber was a cylinder fabricated of Delrin, with
an internal volume VmixE100 ml, with two input channels (b and g)
and two output channels (d and e). The rate of attractant delivery,
b, at concentration [L]b, by a syringe pump (Harvard Apparatus
PHD 22/2000) was controlled through the same LabView program
collecting the data to facilitate input/output comparisons. A peristaltic
pump (Rainin Rabbit) pushed buffer into the chamber through
the other input channel at a constant rate, g. Negative pressure
was applied to both output channels of the mixer, the ﬁrst by a
peristaltic-pump pulling ﬂuid at a constant rate, d, through the ﬂow
cell, and the second by a gravity-induced hydrostatic force (applied by
lowering the height at which the outlet of the connected tubing
rested), which pulled ﬂuid to drain at a rate e. When b is constant,
the output concentration [L](t) approaches [L]N¼[L]bb/(bþg)a s
½L ðtÞ¼½ L 1 þð ½ L 0  ½ L 1Þe t=tmix, where [L]0 is the initial concentra-
tion and tmix Vmix/(bþg). In all of our experiments, we set gbb so
that [L]NE[L]bb/g and tmixEVmix/g. Thus, when b is dynamic, [L](t)
is proportional to b as long as the latter is varied smoothly over time
scales much longer than tmix (Figure 8B).
Supplementary information
Supplementary information is available at the Molecular Systems
Biology website (www.nature.com/msb).
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